Evaluation of different mucosal microbiota leads to gut microbiota-based prediction of type 1 diabetes in NOD mice by Hu, Youjia et al.
1SCIENTIfIC REPORts |  (2018) 8:15451  | DOI:10.1038/s41598-018-33571-z
www.nature.com/scientificreports
Evaluation of different mucosal 
microbiota leads to gut microbiota-
based prediction of type 1 diabetes 
in NOD mice
Youjia Hu1, Jian Peng1, Fangyong Li2, F. Susan Wong3 & Li Wen1
Type 1 diabetes (T1D) is a progressive autoimmune disease in which the insulin-producing beta cells 
are destroyed by auto-reactive T cells. Recent studies suggest that microbiota are closely associated 
with disease development. We studied gut, oral and vaginal microbiota longitudinally in non-obese 
diabetic (NOD) mice. We showed that the composition of microbiota is very different at the different 
mucosal sites and between young and adult mice. Gut microbiota are more diverse than oral or vaginal 
microbiota and the changes were more evident in the mice before and after onset of diabetes. Using 
alpha-diversity, Gram-positive/Gram-negative ratio as well as the relative abundance of Bacteroidetes 
and Erysipelotrichaceae in the gut microbiota, at 8 weeks of age, we formulated a predictive algorithm 
for T1D development in a cohort of 63 female NOD mice. Using this algorithm, we obtained 80% 
accuracy of prediction of diabetes onset, in two independent experiments, totaling 29 mice, with Area 
Under the Curve of 0.776 by ROC analysis. Interestingly, we did not find differences in peripheral blood 
mononuclear cells of the mice at 8 weeks of age, regardless of later diabetes development. Our results 
suggest that the algorithm could potentially be used in early prediction of future T1D development.
Type 1 diabetes (T1D) is a progressive autoimmune disease in which the insulin-producing beta cells in the 
pancreatic islets are destroyed by auto-reactive T cells. Many genes contribute to susceptibility to T1D, among 
which the most important susceptibility loci are those that code for Human Leukocyte Antigens (HLA). However, 
the rise in T1D incidence seen in recent years, especially in individuals who have lower risk HLA types1, cannot 
be explained by genetic changes, indicating that non-genetic factors influence disease development. Increasing 
evidence suggests that microbiota are closely associated with the development of T1D in both mouse models of 
human T1D and patients with T1D2–7.
The non-obese diabetic (NOD) mouse is an excellent animal model for studying pathogenesis of T1D as NOD 
mice develop spontaneous diabetes, with similarities to the disease development in humans8. Studies using NOD 
mice have made significant contributions to our understanding of immunopathogenesis, including the role of gut 
microbiota, in T1D development9–14. It is known that the gut microbiota provide nutrients to the hosts and coev-
olve with the host immune system. However, it is not clear when gut microbiota are altered to a composition that 
facilitates the autoimmune destruction of insulin-producing beta cells, which leads to T1D onset. In this study, we 
investigated dynamic changes of microbiota, from different anatomical sites in NOD mice, and their association 
with T1D development. We found that gut microbiota from NOD mice at 8 weeks of age underwent the most 
significant changes, some of which can be used to predict diabetes development later in life with 80% accuracy. 
Our study provides important information in assisting the prediction of T1D development and suggests that this 
approach could be used as a biomarker for T1D development. Our ultimate goal is to apply these biomarkers to 
finding more effective means to prevent T1D.
1Section of Endocrinology, Department of Internal Medicine, Yale University School of Medicine, New Haven, CT, 
06510, USA. 2Yale Center for Analytical Sciences, Yale University School of Public Health, New Haven, CT, 06510, 
USA. 3Division of Infection and Immunity, School of Medicine, Cardiff University, Cardiff, UK. Correspondence and 
requests for materials should be addressed to L.W.(email: li.wen@yale.edu) or F S.W. (email: wongfs@cardiff.ac.uk)
Received: 23 April 2018
Accepted: 24 September 2018
Published: xx xx xxxx
OPEN
www.nature.com/scientificreports/
2SCIENTIfIC REPORts |  (2018) 8:15451  | DOI:10.1038/s41598-018-33571-z
Results
Evolution of gut, oral and vaginal microbiota during maturation in NOD mice. To study the 
microbiota over time in NOD mice, we collected fecal, oral and vaginal samples from the training cohort of mice 
from week 3 to week 31 (details in Supplementary Fig. 1).
First we analyzed the gut microbiota of the mice in the initial training cohort at 3 to 13 weeks. It is clear that 
the composition of gut microbiota at 3 weeks of age was significantly different from that at 6, 8, 10 and 13 weeks 
of age. These differences could be seen both at the phylum and class levels. The notable decrease in the individual 
phyla included Actinobacteria, Bacteroidetes, Proteobacteria, TM7 and Tenericutes, whereas the phylum Firmicutes 
was increased after 3 weeks of age (Fig. 1A).
Several classes of gut bacteria also differed significantly with age. These included the increased 
Coriobacteriia and Bacilli classes of Actinobacteria and Firmicutes phyla, respectively, although the parental 
phylum Actinobacteria was decreased along with growth and maturation (Fig. 1B). The classes of Bacteroidia, 
Alphaproteobacteria, Epsilonproteobacteria and Mollicutes, which belong to phyla of Bacteroidetes, Proteobacteria 
and Tenericutes, respectively, were decreased (Fig. 1B). The differences were also observed at order, family, genus 
and species levels, with similar trends to their higher orders (Fig. 1C).
We also investigated the oral microbiota and did not find obvious differences between 3-week and older mice, 
as seen in the lower gut microbiota. Although the most abundant phylum in the oral cavity was Proteobacteria, we 
found a decrease in Actinobacteria and Cyanobacteria but an increase in Bacteroidetes (Fig. 1D).
Next, we analyzed the vaginal microbiota and observed a larger variation between young and adult mice and 
the composition changes were constant in some phyla from 3 to 13 weeks old. Actinobacteria and Deferribacteres 
were the highest at 3 weeks, Bacteroidetes were the highest at 6 weeks, while Cyanobacteria were the highest at 
8 weeks of age. Interestingly, Firmicutes increased with maturation, whereas Proteobacteria decreased (Fig. 1E).
Differences among gut, oral and vaginal microbiota in NOD mice during maturation. Comparing 
the three mucosal sites, the microbiota composition was very different between gut, oral and vaginal bacteria 
(Fig. 1). At a young age, Proteobacteria was the dominant phylum in the oral cavity (Fig. 1D), whereas Firmicutes 
was the dominant phylum of gut bacteria (Fig. 1A), while the composition of vaginal microbiota was intermediate 
between the two, although Firmicutes appeared to be more dominant (Fig. 1E). Gut and oral microbiota became 
relatively stable after 6 weeks of age, while vaginal microbiota continued to evolve until 10 to 13 weeks of age, by 
which time they resembled gut microbiota.
Alpha-diversity of gut, oral and vaginal microbiota during maturation. We next examined 
alpha-diversity of the gut/oral/vaginal microbiota, and found that the greatest diversity among the three anatom-
ical sites was in the gut microbiota. Although at 3 weeks of age, gut microbiota were less diverse compared to the 
same mice at a later age, there was still greater diversity compared to the oral and vaginal microbiota from the 
same mice at any age. The changes in alpha-diversity of oral microbiota were similar during maturation, while 
vaginal microbiota showed the highest diversity when the mice were 3 weeks old and then gradually decreased, 
similar to the oral microbiota (Fig. 2A). This was opposite to the gut microbiota of the three-week-old mice.
Beta-diversity of gut, oral and vaginal microbiota during maturation. Beta-diversity analysis 
showed that 3-week-old mice have different gut microbiota compared with the same mice at later time points. It is 
interesting that we did not find noticeable differences in beta-diversity of microbiota between the oral and vaginal 
sites regardless of the age (from 3w to 13w; Fig. 2B). This indicated that comparing the three mucosal sites, gut 
microbiota are the most dynamic during mouse maturation. The gut microbiota in the NOD female mice undergo 
significant changes from weaning (3 weeks) to maturation (8 weeks) and become stable thereafter. Although oral 
and vaginal microbiota also underwent some changes during this period, the differences were not significant.
Diabetes incidence of NOD mice. While investigating the microbiota in the three anatomical sites, we 
also observed the experimental training cohort of mice for diabetes development. Of the 63 female NOD mice, 
39 mice developed diabetes from 12 to 30 weeks of age. The overall incidence of diabetes was 61.9%, which was 
comparable to the diabetes incidence in our NOD mouse colony (a total of 144 females; Supplementary Fig. 2).
Gut, oral and vaginal microbiota in non-diabetic and pre-diabetic NOD mice. Next, we compared 
the gut microbiota in fecal samples, at different taxonomic levels and different ages, from the mice that were 
non-diabetic at 31 weeks (unlikely to develop diabetes beyond this age based on extensive experience of studying 
our NOD mouse colony) and those that were pre-diabetic (mice that developed diabetes before 31 weeks but had 
not developed diabetes at the time of gut microbiota sampling). Although the overall composition was similar 
between 3 and 13 weeks of age (Fig. 3A), several taxa showed significant differences after the Sidak-Bonferroni 
correction and there were more differences at the family and genus levels (Fig. 3B). Importantly, most of the 
differences were observed at 8 and 10 weeks of age, indicating that the age of around 2 months is important for 
the establishment of gut microbiota and this also may be the critical time for predicting whether a NOD female 
mouse would later develop diabetes.
We found that the composition of oral microbiota between non-diabetic and pre-diabetic mice was similar; 
however, the composition of vaginal microbiota was very different between non-diabetic and pre-diabetic mice 
(Supplementary Fig. 3). Since we did not observe a significant correlation between the vaginal bacterial profile 
and diabetes onset, as the variation between individual mice was very large, we did not pursue this further.
Alpha-diversity between non-diabetic and pre-diabetic NOD at different ages. We also com-
pared the alpha-diversity between mice that were ultimately non-diabetic and pre-diabetic mice (these mice later 
developed diabetes) (Fig. 3C). At week 8, we found significantly greater alpha-diversity in the gut microbiota of 
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the non-diabetic group compared with that of the pre-diabetic group. It is possible the changes at this age might 
have some impact on the host later in life, since this is the time when islet infiltration has begun but diabetes 
has not yet developed. In the oral and vaginal microbiota, there were no significant differences between the 
Figure 1. Fecal, oral and vaginal bacteria during maturation in NOD mice. *Denotes statistical significance, 
p < 0.05. (A) Fecal bacterial composition at phylum level, and single phyla comparison between 3w, 6w, 8w, 10w 
and 13w (week-old) NOD mice. (B) Selected single class comparison between NOD mice of different ages.  
(C) Fecal bacterial composition at class, order, family and genus level between NOD mice at different ages. 
(D) Oral bacterial composition at phylum level, and selected single phyla comparison between NOD mice at 
different ages. (E) Vaginal bacterial composition at phylum level, and selected single phyla comparison between 
NOD mice at different ages.
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non-diabetic and the pre-diabetic groups, except at week 13. However, the overall diversity in the oral and vaginal 
microbiota was much lower than that in the gut microbiota.
Beta-diversity between non-diabetic and pre-diabetic NOD at different ages. By multivariate 
testing (ANOSIM), adding diabetic/non-diabetic and age as separation variants, we found at age of 8 weeks, 
the non-diabetic and pre-diabetic NOD mice showed significant differences in OTU composition based on 
Bray-Curtis distance (P = 0.019, Fig. 4A). PCoA analysis and Pearson’s correlation also showed some differences 
between these two groups at week 8 (Fig. 4B,C). However, there were no differences at weeks 3, 6, 10 and 13 
(Supplementary Fig. 4), although there were some differences at week 3, but only by PCoA analysis (data not 
shown). From these results, we further concluded that the age of around two months is important for estab-
lishment of homeostasis of gut microbiota, and it may be possible to predict later diabetes development by gut 
microbiota at week 8.
Gut microbiota evolution after mice become diabetic. We also studied the fecal samples collected from 
the mice after diabetes diagnosis (within 5 days) and found there was reduced alpha-diversity in the diabetic mice 
(Supplementary Fig. 5). It is interesting that the level of alpha-diversity in diabetic mice was similar to that seen 
Figure 2. Comparison of gut, oral and vaginal microbiota during maturation in NOD mice. (A) Alpha-
diversity of gut, oral and vaginal microbiota of NOD mice at different ages. (B) Beta-diversity of gut, oral and 
vaginal microbiota of NOD mice at different ages.
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in immature 3-week old mice. Moreover, the lower alpha-diversity was also observed in pre-diabetic mice at week 
8 compared to the non-diabetic mice (Fig. 3C). However, the reduction in alpha-diversity was more evident after 
developing diabetes. Taxonomic changes were also different in non-diabetic and diabetic mice at the age of 16 to 
27 weeks, comparing to the differences in non-diabetic and pre-diabetic mice at same ages, especially at the Genus 
Figure 3. Comparison of gut microbiota between non-diab (mice that had not developed diabetes at the end of the 
observation period) and pre-diab (mice that later developed diabetes) NOD mice at different ages. (A) Gut bacterial 
composition at the order level is shown. (B) Selected single phyla, class, family and genus that show significantly 
different abundance between non-diab and pre-diab mice. Each figure title indicates the taxon and time point. 
*P < 0.05, **P < 0.01, ***P < 0.001 by multiple t test with Sidak-Bonferroni correction. (C) Alpha-diversity of gut, oral 
and vaginal microbiota between non-diab and pre-diab NOD mice at different ages. At week 8, non-diab and pre-diab 
NOD mice showed significantly different alpha-diversity in gut microbiota. **P < 0.01 by two-way ANOVA.
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level (Supplementary Fig. 6). Some of these alterations included Coprobacillus, Staphylococcus, and Escherichia, 
which are often reported to be pathogenic15,16, and were significantly increased (Supplementary Fig. 6).
Altered Gram-positive (G+)/gram-negative (G−) ratio during maturation and with diabetes 
development. Among the eight major phyla, Actinobacteria, Firmicutes, TM7 and Tenericutes are G+, while 
Bacteroides, Cyanobacteria, Deferribacteres and Proteobacteria are G−. Our results in the training cohort revealed 
that the ratio of G+to G− bacteria was significantly increased when the mice became diabetic. Importantly, the 
increased G+/G− ratio in diabetic mice was not associated with age of diabetes onset (Supplementary Fig. 7A). 
From week 3 to week 13, we also found an overall higher trend of G+/G− ratio in pre-diabetic NOD mice, while 
the most significant difference was seen at week 6 and 8 (Supplementary Fig. 7B). Thus, the G+/G− ratio could 
be used as a marker to predict whether an individual young mouse may eventually develop diabetes.
Overall taxonomic changes of gut microbiota between non-diabetic and pre-diabetic NOD 
mice in the training cohort. Analyzing the overall taxonomic changes between non-diabetic and 
pre-diabetic mice at week 8 in the training cohort, we found decreased phyla Bacteroidetes, Cyanobacteria, 
Proteobacteria, TM7 and Tenericutes, classes of Coriobacteriia, Bacteroidia, 4C0d-2, Erysipelotrichi, Proteobacteria 
(alpha/beta/delta/gamma), TM7–3, Mollicutes but increased classes of Actinobacteria, Bacilli, Clostridia and 
epsilon Proteobacteria (Supplementary Fig. 8). There were clear changes between non-diabetic and pre-diabetic 
mice in most of the families from the phyla Bacteroidetes and Firmicutes, especially the class of Erysipelotrichi. 
These changes are presented as a heatmap shown in Supplementary Fig. 9. There is a clear profile showing that 
the abundance of Bacteroidetes was decreased in the pre-diabetic mice. However, although the overall abun-
dance of Firmicutes was increased in the pre-diabetic mice, the family of Erysipelotrichaceae showed the oppo-
site profile, i.e., reduced in pre-diabetic mice (Supplementary Fig. 9). Since the phylum Bacteroidetes and family 
Erysipelotrichaceae were the most significantly different between non-diabetic and pre-diabetic groups, we chose 
these two taxa as indicators to predict whether our experimental test mice would eventually develop diabetes in 
the later studies.
In summary, our results show that alpha-diversity, G+/G− ratio and microbiota composition change (espe-
cially the phylum Bacteroidetes and Family Erysipelotrichaceae) may be used for prediction of future diabetes 
development in NOD mice at the age of 8 weeks. We next used each of the three indicators, as well as the three 
markers combined, to predict diabetes development in individual mice in the subsequent test experiments.
Using alpha-diversity for prediction of diabetes development. We carried out two independent 
test experiments, with 12 and 17 female NOD mice in each test cohort and predicted diabetes development using 
the sequencing data of their gut microbiota at the age of 8 weeks. We compared the gut bacterial alpha-diversity 
Figure 4. Multivariate testing using pre-diabetic (D) or non-diabetic (ND) and age as well as OTUs as variants 
analyzed by Calypso. (A) ANOSIM based on Bray-Curtis distance. (B) Principal Coordinate Analysis (PCoA) 
based on Bray-Curtis OTU. (C) Pearson’s correlation by OTU cluster.
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of the mice from the two independent experiments to the average gut bacterial alpha-diversity from the training 
cohort. As there was a significantly higher gut bacterial alpha-diversity in the non-diabetic mice when they were 
8 weeks old in the training cohort, we plotted the gut bacterial alpha-diversity of each individual mouse in the 
test cohort, and compared to the average gut bacterial alpha-diversity of pre-diabetic and non-diabetes group in 
the training cohort (Fig. 5A). In both experimental groups, some mice showed the gut bacterial alpha-diversity 
close to or lower than the pre-diabetic mice in the training cohort (red line) whereas others showed gut bacterial 
alpha-diversity close to or higher than the average gut bacterial alpha-diversity of non-diabetic mice in the train-
ing cohort (blue line) (Fig. 5A). We predicted that the mice having gut bacterial alpha-diversity below the red 
Figure 5. Prediction of diabetes development in NOD mice at 8 weeks of age. The prediction experiment was 
repeated using two test groups, comprising 12 and 17 mice, respectively. (A) Use of gut bacterial alpha-diversity 
for prediction of diabetes development. The individual mouse numbers in the figure are listed in the order of the 
mouse that had the highest diversity of gut bacteria to the lowest diversity. Non-diab (filled blue circles) and pre-
diab (filled red squares) represent the average diversity of the bacteria from non-diab mice and pre-diab mice, 
respectively, from the training cohorts used as the reference points for comparison with the test experiment. 
Mice with gut bacterial alpha diversity higher than pre-diab were predicted not to develop diabetes by the end of 
observation (i.e., mice 9, 10, 7 and 12 in experiment 1 and 19, 23, 25, 26, 28, 22, 15 and 17 in experiment 2). (B) 
Use of gut bacterial G+/G− ratio for diabetes prediction. The cut-off line was drawn at 15.3 to separate the non-
diabetic and pre-diabetic groups according to ROC analysis. Non-diab and pre-diab were the gut bacterial G+/
G− ratio of non-diab mice and pre-diab mice, respectively, from the training cohorts. G+/G− ratio of single 
experimental mice were plotted and the mouse was predicted to be non-diab if the ratio was below the cut-
off line or pre-diab if the ratio was above the cut-off line. (C) Use of gut taxonomic profile for prediction. The 
abundance of Phylum Bacteroidetes and Family Erysipelotrichaceae of the 29 experimental mice were plotted 
on this 2D scatter diagram. #30 (the red solid circle) represents the average abundance of Bacteroidetes and 
Erysipelotrichaceae of all non-diabetic NOD mice in the training cohort.
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line would develop diabetes, whereas the mice that had gut bacterial alpha-diversity above it would not develop 
diabetes (predicted result and the actual observation result are listed in Table 1). The accuracy of our prediction 
was 69% (20 out of 29 mice had the correct diabetes or non-diabetes prediction) if gut bacterial alpha-diversity 
was used as the sole prediction marker.
Using G+/G− ratio to predict diabetes development. To test whether G+/G− ratio could also be 
used as a marker to predict diabetes development, we calculated gut bacterial G+/G− ratio of all the mice used in 
the training cohort at 8 weeks of age (P = 0.001 by unpaired t-test comparing non-diabetic and pre-diabetic mice) 
and used the calculated value to predict whether the mice in the two test cohorts would develop diabetes. The 
optimal cut-off value at 15.3 achieved 100% sensitivity and 57% specificity to discriminate the pre-diabetic mice 
from non-diabetic ones according to ROC analysis. The gut bacterial G+/G− ratios of the individual mice in the 
test groups are shown in Fig. 5B, with the prediction and actual diabetes observation result are listed in Table 1. 
The accuracy of our prediction was 72% if using the gut bacterial G+/G− as the sole marker.
Using microbiota composition change to predict diabetes development. We plotted the percent-
age of Bacteroidetes and Erysipelotrichaceae in a 2D scatter graph. As the abundance of these two taxa was signif-
icantly altered in pre-diabetic mice, we proposed that the mice having a lower abundance of Bacteroidetes and 
Erysipelotrichaceae may later develop diabetes (lower left quadrant, Fig. 5C), compared to the average abundance 
of these two taxa in the non-diabetic mice from the training cohort. Table 1 lists the results from our prediction 
and the results from the actual observation. The accuracy of our prediction was 69% if using the percentage of 
Bacteroidetes and Erysipelotrichaceae as the only marker.
Prediction of diabetes development using the combined indicators. Finally, we used all three sets 
of data together to predict the diabetes development of the 29 experimental mice in the two independent experi-
mental test cohorts, and monitored glycosuria for diabetes development weekly to 31 weeks (Table 1). If 2 or 3 of 
the three parameters indicated diabetic (or non-diabetic), we predicted the mouse would have (or not) developed 
diabetes. Thus, we predicted 16 mice would have developed diabetes (14 mice did develop diabetes later and 2 
did not) and 13 mice would have not developed diabetes (9 mice did not develop diabetes by the time the exper-
iments ended but 4 developed diabetes during the observation period). Thus, using the combined parameters, 
# Alpha-diversity G+/G− ratio Taxa Combined Observation
1 Diabetic Diabetic Diabetic Diabetic Diabetic
2 Diabetic Diabetic Diabetic Diabetic Diabetic
3 Diabetic Diabetic Diabetic Diabetic Diabetic
4 Diabetic Non-diab Non-diab Non-diab Non-diab
5 Diabetic Diabetic Diabetic Diabetic Diabetic
6 Diabetic Diabetic Diabetic Diabetic Diabetic
7 Non-diab Non-diab Diabetic Non-diab Non-diab
8 Diabetic Diabetic Diabetic Diabetic Diabetic
9 Non-diab Non-diab Non-diab Non-diab Non-diab
10 Non-diab Non-diab Non-diab Non-diab Diabetic
11 Diabetic Non-diab Non-diab Non-diab Non-diab
12 Non-diab Non-diab Non-diab Non-diab Non-diab
13 Diabetic Diabetic Diabetic Diabetic Diabetic
14 Diabetic Diabetic Diabetic Diabetic Diabetic
15 Non-diab Non-diab Non-diab Non-diab Non-diab
16 Diabetic Diabetic Diabetic Diabetic Non-diab
17 Non-diab Non-diab Diabetic Non-diab Non-diab
18 Diabetic Non-diab Diabetic Diabetic Diabetic
19 Non-diab Non-diab Diabetic Non-diab Diabetic
20 Diabetic Non-diab Diabetic Diabetic Diabetic
21 Diabetic Diabetic Diabetic Diabetic Diabetic
22 Non-diab Diabetic Diabetic Diabetic Diabetic
23 Non-diab Non-diab Diabetic Non-diab Non-diab
24 Diabetic Non-diab Diabetic Diabetic Diabetic
25 Non-diab Non-diab Non-diab Non-diab Diabetic
26 Non-diab Non-diab Non-diab Non-diab Diabetic
27 Diabetic Diabetic Diabetic Diabetic Diabetic
28 Non-diab Non-diab Diabetic Non-diab Non-diab
29 Diabetic Non-diab Diabetic Diabetic Non-diab
Table 1. Diabetes prediction of NOD mice at week 8 of age according to gut microbiota. (Bold italic shows that 
the prediction is the same with the observation).
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we were able to achieve ~80% predictive accuracy (23 out of 29 mice had the correct prediction) (Table 1). We 
also performed ROC analysis to test the sensitivity and specificity of the parameters used for diabetes prediction 
(Fig 6 and Table 2), with area under the curve (AUC) of 0.776. Gut bacterial G+/G− ratios or taxa alone gave 
the highest specificity or sensitivity, respectively. However, prediction utilizing all three parameters gave overall 
higher sensitivity, specificity, positive and negative predictive values (Table 2).
Immune cell characterization. To identify whether there were changes in immune cells correlating with 
the subsequent development of diabetes, as shown for the gut microbiota, we characterized the immune cells 
in the peripheral blood of the mice when 8 weeks old, by flow cytometry. All the mice tested showed similar 
frequencies of T cells (using anti-mouse CD4+ and CD8+ antibodies), B cells (using anti-mouse B220/CD19 
antibodies), macrophages (using anti-mouse CD11b antibody), dendritic cells (using anti-mouse CD11c anti-
body) and the cytokine profiles of the immune cells (using anti-mouse IL-10/IL-17/IFN-γ antibodies) were 
also similar in all the mice tested (Supplementary Fig. 10). Furthermore, the co-stimulatory marker expression 
(using anti-mouse CD80 antibody), Treg (defined by gated CD4+CD25+FoxP3+ cells), Breg (defined by gated 
CD1dhighCD5+B220+CD19+ cells) and transitional B cells (defined by gated CD21+CD24+B220+CD19+ 
cells) were also similar between non-diabetic and diabetic groups (Supplementary Fig. 10). Our results showed 
that at the early time point of 8 weeks of age in NOD mice, there were no distinct immune cell features in the 
peripheral blood that correlated with marked differences in microbiota, comparing those mice that were ulti-
mately non-diabetic with those that were pre-diabetic mice. Our data also suggested that the alteration of gut 
microbiota is likely to be an early biomarker for prediction of T1D development.
Discussion
In this study we first investigated the gut, oral and vaginal microbiota in 63 female NOD mice longitudinally. 
Among the three anatomical sites, gut microbiota presented the most consistent and significant changes with age 
and diabetes development. Using the analytical results from the gut microbiota, especially at the age of 8 weeks, 
we retrospectively examined the association with diabetes development in this cohort. We found that 3 sepa-
rate measures - alpha-diversity, G+/G− ratio and some specific taxonomic differences were closely associated 
with diabetes development. We then tested the three parameters in two independent prospective studies and 
found that these parameters could predict diabetes development with 80% accuracy (78% sensitivity and 82% 
specificity) when the mice were only 8 weeks old, an age when there is no detectable immune cell alteration in 
the peripheral blood but immune infiltration of the pancreas could be present. Although Tbk1, Psmc2 and Dag1 
Figure 6. ROC analysis of sensitivity and specificity of the three-indicator-model for prediction of diabetes 
development in NOD mice at 8 weeks of age.
Alpha-diversity G+/G− ratio Taxa Model t
Sensitivity 0.72 (0.47, 0.90) 0.61 (0.36, 0.83) 0.83 (0.59, 0.96) 0.78 (0.52, 0.94)
Specificity 0.64 (0.31, 0.89) 0.91 (0.59, 1.00) 0.45 (0.17, 0.77) 0.82 (0.48, 0.98)
Positive predictive value 0.76 (0.50, 0.93) 0.92 (0.62, 1.00) 0.71 (0.48, 0.89) 0.88 (0.62, 0.98)
Negative predictive value 0.58 (0.28, 0.85) 0.59 (0.33, 0.82) 0.63 (0.24, 0.92) 0.69 (0.39, 0.91)
Table 2. ROC analysis of diabetes prediction using different indicators. (Each column represents calculated 
value (confidence intervals)).
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expressed in lymphocytes at week 8 to 14 have been shown to be negatively correlated with later diabetes devel-
opment in NOD.CD45.2 mice17, this has not yet been validated by another experimental cohort. Here, our study 
uses fecal microbiota to predict the diabetes development, and more notably, this study is conducted in wild type 
NOD mice, rather than knock-out or antibiotic-treated mice. Thus, these parameters could potentially be used 
as a novel biomarker for prediction of type 1 diabetes onset under normal circumstances. Our ultimate goal is to 
translate the finding from the current study to humans.
Like humans, many factors can influence the composition of the microbiota in NOD mice including housing 
conditions18, diet19 and pH of drinking water20. It is conceivable that the variations in gut microbiota in different 
NOD colonies around the world21 contribute to the different incidence of diabetes observed22. A newly published 
study showed that T1D susceptibility alleles can alter the gut microbiota23. In our colony, we found that the 
microbiota from two mucosal sites - gut (fecal), oral cavity had low diversity, but the microbiota from vagina had 
high diversity at 3 weeks of age, a feature of an “immature” microbiome community, compared to the microbi-
ota from the same mucosal site at an older age. The oral and fecal microbiota appear to be stabilized from 6 to 
13 weeks, the period of developing insulitis and pre-diabetes stage. Our results showed that 8 weeks of age is an 
important time window, when the composition of gut microbiota is closely associated with disease susceptibil-
ity and developing changes, leading to diabetes. We have identified several taxa within the phyla Bacteriodetes, 
Firmicutes and Proteobacteria that are strongly correlated with T1D development. Another study, analyzing the 
gut microbiota in the fecal samples collected at weaning from non-diabetic and pre-diabetic NOD mice, also 
revealed that the abundance of S24-7 family and Prevotella genus from phylum Bacteroidetes were significantly 
increased in the non-diabetic group24. Our results are consistent with this; however, we believe that more than 
one taxon is responsible for the development of the disease. In contrast, Bacteroidetes are increased in oral sam-
ples when mice become older. However, the most abundant taxon in the oral microbiota is the non-anaerobic 
Proteobacteria. Comparing to fecal and oral microbiota, vaginal microbiota are not as stable as the other two. 
This may be due to the variation in the estrous cycle at the time of sample collection, and more exposure to the 
environment, compared to gut microbiota. Consistent with previous publications25,26, we found that Lactobacilli 
were the major taxon in the vaginal microbiota. We suggest that T1D development is related to the homeostasis 
within the gut microbiota, as we also found alpha-diversity and G+/G− ratio are strongly correlated with disease 
development. This is likely to be tied in with the role of the microbiota in promoting the development of immune 
system27. We and others have shown that gut microbiota at the neonatal stage of development is critical to the host 
immune system, especially for the development and function of antigen presenting cells (APCs)13,14,28. One report 
showed that administration of Clostridiales, which are lacking in neonatal mice, can protect the mice from specific 
pathogen infection, while administration of Bacteroidales cannot29. This may also indicate the importance of gut 
microbiota homeostasis but not Clostridiales itself. Another example comes from mono-colonization of germ-free 
mice with a Bacteroides species that were shown to have resistance to colonization with the same species but could 
be colonized with a different species30.
Although individual bacteria such as segmented filamentous bacteria (SFB) induce Th17 cells, the effect 
requires the presence of other bacterial strains31. SFB have also been linked to protection from diabetes in 
NOD mice32 and the protection appears to occur only in male NOD mice and in the presence of other bacterial 
strains33. However, changes in SFB have not been the mechanism of protection in other models of T1D34, nor in 
our NOD colony (data not shown). We have recently found Leptotrichia goodfellowii, a member of the phylum 
Fusobacteria, promotes T1D onset in a T cell receptor transgenic NOD mouse model, where T cells are specific for 
an islet autoantigen, islet-specific glucose-6-phosphatase catalytic subunit related protein (IGRP)11. Interestingly, 
an increased abundance of these bacteria is also found in non-transgenic diabetic NOD mice11. However, it is 
unlikely that any single bacterial strain or species will be solely “pathogenic” or “protective”, as the gut microbiota 
make up a complex ecosystem with symbiotic and non-symbiotic mutualistic relationships. Genetics may play a 
role here, as shown in a recent report indicating that gut microbiota in NOD mice carrying protective alleles at 
T1D susceptibility loci, were shaped differently from the NOD mice without the protective alleles23. The abun-
dance of Lactobacillus and S24-7, as well as Bacteroides, Parabacteroides, Prevotella and 5-7N15 in NOD mice, and 
Bacteroides, Lachnospiraceae and Ruminococcaceae in human were altered. However, it should be noted that some 
differences in bacteria could be causal but others could occur as a consequence of disease development.
The role of Erysipelotrichales, a family member of Firmicutes, in health and disease is poorly understood thus 
far. We have found in this study that Erysipelotrichales is closely associated with the susceptibility to T1D onset 
and it is the only family within the phylum Firmicutes found to be decreased in pre-diabetic mice at week 8, while 
the others were increased. Therefore, Erysipelotrichales abundance level can be used as an indicator to distinguish 
the non-diabetic and pre-diabetic NOD mice. Interestingly, the decreased abundance of Erysipelotrichales was 
strongly associated with disease status in treatment “naïve” patients with new-onset of Crohn’s disease35. Crohn’s 
disease is also an autoimmune disorder, and although the etiology and pathogenesis is different from T1D, the 
common feature of decreased Erysipelotrichales associating with disease onset is intriguing. Further investigation 
is needed to find the molecular mechanism(s).
Firmicutes and Bacteroidetes are two major phyla of gut microbiota and the ratio of Firmicutes/Bacteroidetes 
has been used as an indicator for T1D onset36, in both streptozotocin-induced37 and spontaneous diabetic NOD 
mice38, as well as children with T1D susceptibility39. We found that diabetic mice in our NOD colony have 
increased Firmicutes (mostly G+) and decreased Bacteroidetes (mostly G−) (data not shown), which is consistent 
with other studies in NOD mice40 and in T1D patients41. Using G+/G− ratio, as one of the indicators, we can 
predict T1D onset with 72% accuracy in the current study. Our results suggest that G+/G− ratio could be used 
as an additional biomarker for more accurate prediction of T1D onset, which in turn could assist in designing a 
better and/or more effective strategy for T1D prevention.
Increasing evidence suggests that metabolites produced by gut microbiota regulate the metabolic and immu-
nological function. Short chain fatty acids (SCFAs) produced by gut microbiota have been shown to regulate 
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the host immune system including T follicular helper cells42, T regulatory cells43 and gamma-delta T-17 cells44. 
Feeding NOD mice with acetate- or butyrate-enriched diets can influence the frequency of autoreactive T cells 
and modulate the susceptibility to T1D development in NOD mice40. It is, currently, not clear what metabolites 
are produced in Erysipelotrichales and other altered gut microbiota that affect diabetes development in our study. 
It is clear that T1D is a complex autoimmune disease and how the autoimmune reactivity against pancreatic-beta 
cells is initiated is not known. Different gut bacteria can induce different immune responses mediated by different 
components of the bacteria including lipopolysaccharides (LPS)45, peptidoglycan (PGN)46 and polysaccharide 
A (PSA)47. Vatanen and colleagues have recently reported that the different structure of LPS produced by E. coli 
in the gut contributes to T1D susceptibility in children, due to its differences in immunogenicity to the hosts48. 
Furthermore, gut microbiota altered by antibiotic treatment can affect the function of antigen presenting cells, 
which in turn promotes different immune responses in the hosts and regulates T1D susceptibility13,14.
In this study, we provide the first longitudinal profile of microbiota from three mucosal sites during NOD 
mouse maturation and after diabetes onset. Using alpha-diversity, G+/G− ratio and specific taxonomic changes 
in gut microbiota at 8 weeks of age, we are able to predict diabetes onset later in life in individual NOD mouse 
with 80% accuracy. This suggests that gut microbiota are very important early in life, especially during mat-
uration. Many factors could contribute to the ~20% of NOD mice in which diabetes was not predicted using 
our model, which include but are not limited to viruses49, bacteriophage50 and fungi51 in the ecosystem of gut 
microbiota. Regardless, our results provide important and novel information, and also a promising biomarker as 
a predictive tool in early diagnosis of T1D. A future extension to our study would be to develop similar predictive 
markers, readily translatable to humans.
Methods
Mice. Female NOD/Caj mice were originally obtained from the Jackson Laboratory and have been maintained 
at Yale University for about 30 years. The mice used in this study were housed in specific pathogen-free (SPF) 
conditions with a 12-hour dark/light cycle, in individually-ventilated filter cages with autoclaved Rodent Diet 
2018S (Envigo), bedding, and hyper-chlorinated filtered water, in the Yale University animal facility. The use 
of the animals and all experimental protocols in this study were approved by the Yale University Institutional 
Animal Care and Use Committee, and all experimental methods were performed in accordance with the relevant 
guidelines and regulations.
Sample collection. Fecal, oral and vaginal samples were taken sequentially from our NOD mouse colony 
as shown in Supplementary Fig. 1 over a period of a year from 63 female mice, the offspring of over 20 different 
breeding pairs. Fecal samples were collected from fresh fecal pellets. Oral and vaginal samples were obtained 
using sterile cotton swabs to swab the specific sites. Samples were collected from the 63 mice, following the sched-
ule indicated in Supplementary Fig. 1 until 31 weeks of age or until the mice became diabetic. We designated this 
collection as the training or discovery cohort. The samples from these mice were used to generate the data set that 
would form the basis for prediction of diabetes in the subsequent two independent sets of experimental mice – 
the test cohorts. From the test cohorts, totaling 29 experimental mice, fecal and blood samples were collected at 8 
weeks of age, and they were subsequently observed for T1D development by screening urine weekly for glycosu-
ria. Diabetes was then confirmed by blood glucose (≥250 mg/dl).
Flow cytometry. Blood was taken into heparin-coated capillary tubes and added to 1 ml PBS immediately. 
Peripheral blood mononuclear cells (PBMCs) were isolated on 1 ml Lymphoprep (Stemcell) gradient density 
centrifugation according to the manufacturer’s protocol. After isolation, the PBMCs were washed with PBS and 
stained with pre-titrated monoclonal antibodies (mAbs) for cell-specific markers on T cells, B cells, macrophages 
and dendritic cells (Biolegend). For all the intracellular cytokine (ICC) staining, the cells were all cultured for 4 h 
with 50 ng/ml PMA (Sigma), 500 ng/ml of ionomycin (Sigma) and 1 mg/ml of Golgi plug (BD Bioscience), before 
staining with mAbs against surface markers including Fc blocker (Biolegend). Following fixation and permeabi-
lization, the cells were then stained with pre-titrated anti-cytokine mAbs (Biolegend) and their expression was 
analyzed by flow cytometry.
DNA extraction and 16S rRNA sequencing. Bacterial DNA from mouse feces, the oral cav-
ity and vaginal samples was isolated as previously described52. The V4 region of the bacterial 16S ribosomal 
gene was amplified from each DNA sample using a barcoded, broadly conserved, bacterial forward primer 
(5′-GTGCCAGCMGCCGCGGTAA-3′) and reverse primer (5′-GGACTACHVGGGTWTCTAAT-3′). The 
PCR products were purified with a Qiagen gel extraction kit. After quantification of DNA concentration using 
the Qubit dsDNA HS assay kit, equimolar amounts of each sample were pooled and used for pyrosequencing. 
Sequencing was performed on the Ion Torrent Personal Genome Machine (PGM) sequencing system (Life 
Technologies) using 200 bp read chemistry.
Sequence analysis. The sequencing results were analyzed using the QIIME software package (version 
1.8) and UPA RSE pipeline (version 7.0). After removing the primer sequences, the sequences were demulti-
plexed, quality-filtered using QIIME, and further quality and chimera filtered in UPARSE pipeline. Operational 
taxonomic units (OTU) were picked with 97% identity in UPARSE pipeline. In QIIME, the Greengenes refer-
ence database (version 13.5) was used for taxonomy assignment, which was performed at various levels using 
representative sequences of each operational taxonomic unit. Beta-Diversity was calculated to compare differ-
ences between microbial community profiles, and the data are shown as a principal coordinate analysis (PCA). 
Multivariate testing was performed in Calypso (Version 8.62) by ANOSIM analysis. Alpha-diversity was meas-
ured by Faith’s Phylogenetic Diversity (PD_Whole_Tree) in the bacterial communities.
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G+/G− ratio was calculated using Gram-positive (G+) bacteria (Tenericutes, TM7, Firmicutes, 
Actinobacteria) contents divided by Gram-negative (G−) bacteria (Proteobacteria, Cyanobacteriia, Bacteroidetes, 
Deferribacteres) contents at phylum level of sequencing results.
Biostatistics. Statistical analyses were performed in GraphPad Prism (version 7). Two-way ANOVA and 
multiple t tests with Sidak-Bonferroni correction were used while p < 0.05 was considered to be significantly dif-
ferent. Receiver operating characteristic (ROC) analysis was performed using logistic regression method53,54. The 
area under curve (AUC) was used as index of accuracy of prediction. Youden index (J = max[sensitivity + speci-
ficity − 1]) was used to determine the optimal cut-off of G+/G− ratio.
Data Availability
The datasets generated during and/or analysed during the current study are available from the corresponding 
author on reasonable request.
References
 1. Gillespie, K. M. et al. The rising incidence of childhood type 1 diabetes and reduced contribution of high-risk HLA haplotypes. 
Lancet 364, 1699–1700, https://doi.org/10.1016/S0140-6736(04)17357-1 (2004).
 2. Bibbo, S., Dore, M. P., Pes, G. M., Delitala, G. & Delitala, A. P. Is there a role for gut microbiota in type 1 diabetes pathogenesis? Ann 
Med 49, 11–22, https://doi.org/10.1080/07853890.2016.1222449 (2017).
 3. Giongo, A. et al. Toward defining the autoimmune microbiome for type 1 diabetes. Isme J 5, 82–91, https://doi.org/10.1038/
ismej.2010.92 (2011).
 4. Hu, C., Wong, F. S. & Wen, L. Type 1 diabetes and gut microbiota: Friend or foe? Pharmacol Res 98, 9–15, https://doi.org/10.1016/j.
phrs.2015.02.006 (2015).
 5. Knip, M. & Siljander, H. The role of the intestinal microbiota in type 1 diabetes mellitus. Nat Rev Endocrinol 12, 154–167, https://doi.
org/10.1038/nrendo.2015.218 (2016).
 6. Kostic, A. D. et al. The dynamics of the human infant gut microbiome in development and in progression toward type 1 diabetes. 
Cell Host Microbe 17, 260–273, https://doi.org/10.1016/j.chom.2015.01.001 (2015).
 7. Vaarala, O. Human intestinal microbiota and type 1 diabetes. Curr Diab Rep 13, 601–607, https://doi.org/10.1007/s11892-013-0409-
5 (2013).
 8. Pearson, J. A., Wong, F. S. & Wen, L. The importance of the Non Obese Diabetic (NOD) mouse model in autoimmune diabetes. J 
Autoimmun 66, 76–88, https://doi.org/10.1016/j.jaut.2015.08.019 (2016).
 9. Wen, L. et al. Innate immunity and intestinal microbiota in the development of Type 1 diabetes. Nature 455, 1109–1113, https://doi.
org/10.1038/nature07336 (2008).
 10. Burrows, M. P., Volchkov, P., Kobayashi, K. S. & Chervonsky, A. V. Microbiota regulates type 1 diabetes through Toll-like receptors. 
Proc Natl Acad Sci USA 112, 9973–9977, https://doi.org/10.1073/pnas.1508740112 (2015).
 11. Tai, N. et al. Microbial antigen mimics activate diabetogenic CD8 T cells in NOD mice. J Exp Med 213, 2129–2146, https://doi.
org/10.1084/jem.20160526 (2016).
 12. Alam, C. et al. Effects of a germ-free environment on gut immune regulation and diabetes progression in non-obese diabetic (NOD) 
mice. Diabetologia 54, 1398–1406, https://doi.org/10.1007/s00125-011-2097-5 (2011).
 13. Hu, Y. et al. Different immunological responses to early-life antibiotic exposure affecting autoimmune diabetes development in 
NOD mice. J Autoimmun 72, 47–56, https://doi.org/10.1016/j.jaut.2016.05.001 (2016).
 14. Hu, Y. et al. Maternal Antibiotic Treatment Protects Offspring from Diabetes Development in Nonobese Diabetic Mice by 
Generation of Tolerogenic APCs. J Immunol 195, 4176–4184, https://doi.org/10.4049/jimmunol.1500884 (2015).
 15. Monte, J., Abreu, A. C., Borges, A., Simoes, L. C. & Simoes, M. Antimicrobial Activity of Selected Phytochemicals against Escherichia 
coli and Staphylococcus aureus and Their Biofilms. Pathogens 3, 473–498, https://doi.org/10.3390/pathogens3020473 (2014).
 16. Schreiber, F., Arasteh, J. M. & Lawley, T. D. Pathogen Resistance Mediated by IL-22 Signaling at the Epithelial-Microbiota Interface. 
J Mol Biol 427, 3676–3682, https://doi.org/10.1016/j.jmb.2015.10.013 (2015).
 17. Pang, D. et al. Expression profiling pre-diabetic mice to uncover drugs with clinical application to type 1 diabetes. Clin Transl 
Immunology 4, e41, https://doi.org/10.1038/cti.2015.17 (2015).
 18. Pozzilli, P., Signore, A., Williams, A. J. & Beales, P. E. NOD mouse colonies around the world–recent facts and figures. Immunol 
Today 14, 193–196, https://doi.org/10.1016/0167-5699(93)90160-M (1993).
 19. Coleman, D. L., Kuzava, J. E. & Leiter, E. H. Effect of diet on incidence of diabetes in nonobese diabetic mice. Diabetes 39, 432–436 
(1990).
 20. Sofi, M. H. et al. pH of drinking water influences the composition of gut microbiome and type 1 diabetes incidence. Diabetes 63, 
632–644, https://doi.org/10.2337/db13-0981 (2014).
 21. Baxter, A. G., Koulmanda, M. & Mandel, T. E. High and low diabetes incidence nonobese diabetic (NOD) mice: origins and 
characterisation. Autoimmunity 9, 61–67 (1991).
 22. Yurkovetskiy, L. A., Pickard, J. M. & Chervonsky, A. V. Microbiota and autoimmunity: exploring new avenues. Cell Host Microbe 17, 
548–552, https://doi.org/10.1016/j.chom.2015.04.010 (2015).
 23. Mullaney, J. A. et al. Type 1 diabetes susceptibility alleles are associated with distinct alterations in the gut microbiota. Microbiome 
6, 35, https://doi.org/10.1186/s40168-018-0417-4 (2018).
 24. Krych, L., Nielsen, D. S., Hansen, A. K. & Hansen, C. H. Gut microbial markers are associated with diabetes onset, regulatory 
imbalance, and IFN-gamma level in NOD mice. Gut Microbes 6, 101–109, https://doi.org/10.1080/19490976.2015.1011876 (2015).
 25. Kim, J. H. et al. Predominant Lactobacillus species types of vaginal microbiota in pregnant Korean women: quantification of the five 
Lactobacillus species and two anaerobes. J Matern Fetal Neona, 1–5 https://doi.org/10.1080/14767058.2016.1247799 (2016).
 26. Witkin, S. S. & Linhares, I. M. Why do lactobacilli dominate the human vaginal microbiota? Bjog 124, 606–611, https://doi.
org/10.1111/1471-0528.14390 (2017).
 27. Kabat, A. M., Srinivasan, N. & Maloy, K. J. Modulation of immune development and function by intestinal microbiota. Trends 
Immunol 35, 507–517, https://doi.org/10.1016/j.it.2014.07.010 (2014).
 28. Gomez de Aguero, M. et al. The maternal microbiota drives early postnatal innate immune development. Science 351, 1296–1302, 
https://doi.org/10.1126/science.aad2571 (2016).
 29. Kim, Y. G. et al. Neonatal acquisition of Clostridia species protects against colonization by bacterial pathogens. Science 356, 315–319, 
https://doi.org/10.1126/science.aag2029 (2017).
 30. Lee, S. M. et al. Bacterial colonization factors control specificity and stability of the gut microbiota. Nature 501, 426–429, https://doi.
org/10.1038/nature12447 (2013).
 31. Ivanov, I. I. et al. Induction of intestinal Th17 cells by segmented filamentous bacteria. Cell 139, 485–498, https://doi.org/10.1016/j.
cell.2009.09.033 (2009).
www.nature.com/scientificreports/
13SCIENTIfIC REPORts |  (2018) 8:15451  | DOI:10.1038/s41598-018-33571-z
 32. Kriegel, M. A. et al. Naturally transmitted segmented filamentous bacteria segregate with diabetes protection in nonobese diabetic 
mice. Proc Natl Acad Sci USA 108, 11548–11553, https://doi.org/10.1073/pnas.1108924108 (2011).
 33. Yurkovetskiy, L. et al. Gender bias in autoimmunity is influenced by microbiota. Immunity 39, 400–412, https://doi.org/10.1016/j.
immuni.2013.08.013 (2013).
 34. De Riva, A. et al. Regulation of type 1 diabetes development and B-cell activation in nonobese diabetic mice by early life exposure to 
a diabetogenic environment. PLoS One 12, e0181964, https://doi.org/10.1371/journal.pone.0181964 (2017).
 35. Gevers, D. et al. The treatment-naive microbiome in new-onset Crohn’s disease. Cell Host Microbe 15, 382–392, https://doi.
org/10.1016/j.chom.2014.02.005 (2014).
 36. Kamada, N., Seo, S. U., Chen, G. Y. & Nunez, G. Role of the gut microbiota in immunity and inflammatory disease. Nat Rev Immunol 
13, 321–335, https://doi.org/10.1038/nri3430 (2013).
 37. Patterson, E. et al. Streptozotocin-induced type-1-diabetes disease onset in Sprague-Dawley rats is associated with an altered 
intestinal microbiota composition and decreased diversity. Microbiology 161, 182–193, https://doi.org/10.1099/mic.0.082610-0 
(2015).
 38. Wolf, K. J. et al. Consumption of acidic water alters the gut microbiome and decreases the risk of diabetes in NOD mice. J Histochem 
Cytochem 62, 237–250, https://doi.org/10.1369/0022155413519650 (2014).
 39. Murri, M. et al. Gut microbiota in children with type 1 diabetes differs from that in healthy children: a case-control study. BMC Med 
11, 46, https://doi.org/10.1186/1741-7015-11-46 (2013).
 40. Marino, E. et al. Gut microbial metabolites limit the frequency of autoimmune T cells and protect against type 1 diabetes. Nat 
Immunol 18, 552–562, https://doi.org/10.1038/ni.3713 (2017).
 41. Pellegrini, S. et al. Duodenal mucosa of patients with type 1 diabetes shows distinctive inflammatory profile and microbiota. J Clin 
Endocrinol Metab https://doi.org/10.1210/jc.2016-3222 (2017).
 42. Perruzza, L. et al. T Follicular Helper Cells Promote a Beneficial Gut Ecosystem for Host Metabolic Homeostasis by Sensing 
Microbiota-Derived Extracellular ATP. Cell Rep 18, 2566–2575, https://doi.org/10.1016/j.celrep.2017.02.061 (2017).
 43. Arpaia, N. et al. Metabolites produced by commensal bacteria promote peripheral regulatory T-cell generation. Nature 504, 
451–455, https://doi.org/10.1038/nature12726 (2013).
 44. Li, F. et al. The microbiota maintain homeostasis of liver-resident gammadeltaT-17 cells in a lipid antigen/CD1d-dependent manner. 
Nat Commun 7, 13839, https://doi.org/10.1038/ncomms13839 (2017).
 45. Field, C., Allen, J. L. & Friedman, H. The immune response of mice to Serratia marcescens LPS or intact bacteria. J Immunol 105, 
193–203 (1970).
 46. Matsui, K. & Nishikawa, A. Peptidoglycan-induced T helper 2 immune response in mice involves interleukin-10 secretion from 
Langerhans cells. Microbiol Immunol 57, 130–138, https://doi.org/10.1111/j.1348-0421.2012.12006.x (2013).
 47. Mazmanian, S. K., Liu, C. H., Tzianabos, A. O. & Kasper, D. L. An immunomodulatory molecule of symbiotic bacteria directs 
maturation of the host immune system. Cell 122, 107–118, https://doi.org/10.1016/j.cell.2005.05.007 (2005).
 48. Vatanen, T. et al. Variation in Microbiome LPS Immunogenicity Contributes to Autoimmunity in Humans. Cell 165, 842–853, 
https://doi.org/10.1016/j.cell.2016.04.007 (2016).
 49. Zhao, G. et al. Intestinal virome changes precede autoimmunity in type I diabetes-susceptible children. Proc Natl Acad Sci USA 114, 
E6166–E6175, https://doi.org/10.1073/pnas.1706359114 (2017).
 50. Duerkop, B. A., Clements, C. V., Rollins, D., Rodrigues, J. L. & Hooper, L. V. A composite bacteriophage alters colonization by an 
intestinal commensal bacterium. Proc Natl Acad Sci USA 109, 17621–17626, https://doi.org/10.1073/pnas.1206136109 (2012).
 51. Kowalewska, B., Zorena, K., Szmigiero-Kawko, M., Waz, P. & Mysliwiec, M. Higher diversity in fungal species discriminates children 
with type 1 diabetes mellitus from healthy control. Patient Prefer Adherence 10, 591–599, https://doi.org/10.2147/PPA.S97852 
(2016).
 52. Peng, J., Hu, Y., Wong, F. S. & Wen, L. The Gut Microbiome in the NOD Mouse. Methods Mol Biol 1433, 169–177, https://doi.
org/10.1007/7651_2016_331 (2016).
 53. Parikh, R., Mathai, A., Parikh, S., Chandra Sekhar, G. & Thomas, R. Understanding and using sensitivity, specificity and predictive 
values. Indian J Ophthalmol 56, 45–50 (2008).
 54. Akobeng, A. K. Understanding diagnostic tests 1: sensitivity, specificity and predictive values. Acta Paediatr 96, 338–341, https://doi.
org/10.1111/j.1651-2227.2006.00180.x (2007).
Acknowledgements
This work was supported by NIH (DK092882, DK100500), DRC (P30 DK945735, P30 DK045735), ADA (1-14-
BS-222) and Medical Research Council (MR/K021141/1). We thank Dr. James Pearson for his critical reading of 
the manuscript and Ms Xiaojun Zhang for taking diligent care of the mice used in this study. We also thank Mr. 
Karl Hagar (Lab Medicine, Yale School of Medicine) for his kind assistance in operation of 16S rRNA sequencing.
Author Contributions
Y.H. and L.W. designed the experiment. Y.H. and J.P. collected the data. Y.H., J.P., F.L., F.S.W. and L.W. analyzed 
the data. Y.H., F.S.W. and L.W. wrote the manuscript. All authors reviewed the manuscript.
Additional Information
Supplementary information accompanies this paper at https://doi.org/10.1038/s41598-018-33571-z.
Competing Interests: The authors declare no competing interests.
Publisher's note: Springer Nature remains neutral with regard to jurisdictional claims in published maps and 
institutional affiliations.
Open Access This article is licensed under a Creative Commons Attribution 4.0 International 
License, which permits use, sharing, adaptation, distribution and reproduction in any medium or 
format, as long as you give appropriate credit to the original author(s) and the source, provide a link to the Cre-
ative Commons license, and indicate if changes were made. The images or other third party material in this 
article are included in the article’s Creative Commons license, unless indicated otherwise in a credit line to the 
material. If material is not included in the article’s Creative Commons license and your intended use is not per-
mitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly from the 
copyright holder. To view a copy of this license, visit http://creativecommons.org/licenses/by/4.0/.
 
© The Author(s) 2018
